Introduction
Tropical forests are a major focus for research not only because of their high biodiversity but also because of the role they play in the global carbon cycle and recently in climate mitigation policies through REDD (Reduced Emissions from Deforestation and Degradation). The study of forest dynamics is of particular interest because changes in carbon fluxes over time are caused by either natural or anthropogenic disturbances and by recovery from these disturbances (Chazdon, 2003) . Furthermore, old growth forests may be gaining biomass from potential enhancement of forest productivity due to an increase in atmospheric carbon dioxide or increased nutrient availability (Phillips et al., 1998) . Carbon flux measurements in tropical forests have shown major improvements in recent years, based on both ground and remote sensing techniques. For ground-based data, researchers have developed allometric equations from tree inventory data collected from a range of tropical forest types (Chave et al., 2005; Higuchi et al., 1994; Chambers et al., 2001 ). These equations are key to converting tree diameter, height, and wood-specific gravity into tree aboveground biomass (AGB, measured in oven-dry mass units) and to inferring stand AGB across spatial scales (Chave et al., 2004) . However, forest structure and AGB distribution are spatially variable, and inferring large-scale tropical forest carbon dynamics from measurements on a small number of research plots is fraught with difficulties and large uncertainties (Clark and Clark, 2000; Saatchi et al., 2011) . Permanent research plots provide accurate estimates of carbon fluxes at the local scale, but their spatial locations may not be representative of forest landscapes, leading to uncertainty in estimates at larger spatial scales.
A number of researchers have shown that remote sensing approaches, particularly from lidar or low-frequency radar sensors, provide relatively accurate estimates of aboveground biomass over large areas (Asner et al., 2010; Drake et al., 2002a; Lefsky et al., 2002; Saatchi et al., 2011) . Asner et al. (2011) have demonstrated that high-resolution lidar data from airborne platforms are the most commercially available, cost-effective, and accurate sensor for assessing forest aboveground carbon stock for policy-driven projects. Lidar uses light in the form of a pulsed laser to measure distances to the Earth's surface. Ground elevation and canopy elevation are retrieved from these measurements." Lidar measurements provide three-dimensional forest structure at sufficiently high spatial resolution to capture several important metrics of forest structure and dynamics: (1) tree size structure representing successional stages of the forest (Ni-Meister, et al., 2001) , (2) gap size and light conditions in the forest capturing the disturbance dynamics and conditions for forest carbon dynamics (Lefsky et al., 2002; Kellner and Asner, 2009) , and (3) spatial patterns representing changes of forest structure and aboveground biomass from tree to landscape scales (Dubayah et al., 2010) .
The recent literature on this topic has mostly focused on measuring tropical forest carbon stocks. Comparatively limited research has been devoted to assessing the capability of remote sensing data to detect changes of forest aboveground biomass (see Dubayah et al., 2010) . One can use vertical height profiles to develop algorithms for biomass change detection at various spatial scales using small footprint lidar or medium footprint waveform lidar sensors (Dubayah et al., 2010) . In this paper, we test this approach over the period 1998-2009 in the tropical forest on Barro Colorado Island (BCI), Panama. We quantify the uncertainty for both AGB stocks and changes at different spatial scales ranging from below 1 ha to 10 ha using two different lidar sensors. The 1998 dataset was acquired by the Land, Vegetation and Ice Sensor (LVIS), which is a medium footprint (20 m) sensor. The 2009 dataset was acquired by a discrete return lidar (DRL), which has a small footprint (25-60 cm). We then quantify the errors related to geolocation, differences between the two sensors, and the errors related to the ground data at different spatial scales and extend the analysis of local scale carbon dynamics in the 50 ha plot to the entire area of Barro Colorado Island. Because LVIS has a footprint that is already the size of the existing 0.04 ha subplots in the 50 ha BCI plot, we would not expect the LVIS results to be accurate for either AGB estimation or in AGB change at or below this spatial scale. From our analysis, we can determine the scale at which we can detect the spatial patterns of forest biomass change while simultaneously providing stable and accurate estimates.
Materials

Study area and inventory data
Barro Colorado Island (BCI) is a 1500 ha former hilltop, now an island located in artificial Gatun Lake, in the Panama Canal in central Panama. BCI became an island when the Chagres River was dammed in 1910 to complete the Panama Canal (McCullough, 1977) . The Smithsonian Tropical Research Institute (STRI) has administered the island for Panama since 1921 as part of the Barro Colorado Nature Monument (BCNM), a protected national biological reserve. Croat (1978) and Leigh (1999) provide detailed descriptions of climate, flora and fauna of BCI. BCI is covered by moist tropical forest with half of the island dominated by old secondary forests (approximately 100 yr old), for the most part in succession from agricultural clearings: the rest of the island is covered by forests relatively undisturbed for the past 200-400 yr except for some minor selective logging (Kenoyer, 1929; Foster, 1982) . The forest canopy can attain 35-40 m, although some emergent trees reach 50 m also (Leigh and Wright, 1990; Leigh et al., 2004) . The island receives an average of 2600 mm of rainfall per year. A four-month dry season usually begins in January and ends in April. Preceding this dry season, about 12 % of the canopy species (maximum height > 10 m) lose their leaves (Leigh and Wright, 1990; Condit et al., 2000) . In this study, we used the BCI 50 ha forest dynamics plot managed by the Center for Tropical Forest Science (CTFS) (Condit, 1998; Hubbell et al., 1999 Hubbell et al., , 2005 . The plot is located in an area with low elevational variation in the center of the island (Condit, 1995) . The inventory data were first collected in 1982 (Hubbell and Foster, 1983) , then every five years since 1985, with the most recent census in 2010. We use the census data collected during the 2000, 2005 and 2010 to match the ground measurements with the remote sensing data. Each census included all trees with diameter at breast height (DBH) greater than 1 cm, with measurements made higher on the bole for individuals with buttresses or trunk irregularities. During each census, CTFS staff tag, measure, map and identify all trees and saplings > 1 cm DBH in the 50 ha plot.
Airborne lidar data
Our study uses airborne lidar data acquired by two different sensors flown over BCI approximately 10 yr apart. Both sensors scanned the landscape to measure the surface elevation and the vegetation vertical structure. We used the Laser Vegetation Imaging Sensor (LVIS) medium footprint lidar dataset acquired in March 1998 (20 m footprint) and a small footprint discrete return lidar (DRL) dataset acquired in August and September 2009 (1 m footprint) (Supplementary Material). We produced relative height (RH) quartiles RH25, RH50, RH75 and RH100 for both LVIS and DRL data as well as mean canopy height (MCH) at 0.04, 0.25, and 1 ha resolution over the entire island (Supplementary Material). We created DRL height metrics at 1 ha scale by using the data already aggregated to 20 m to be consistent with LVIS height metrics, calculated from shots having a footprint of 20 m already. The metrics respectively represent the 25 %, 50 %, 75 %, and 100 % percentile of energy from the lidar waveforms developed at each scale of analysis and represent vegetation in the four quartiles of height in the forest. These metrics are useful predictors of aboveground biomass and canopy vertical structure in forest (Drake et al., 2002a (Drake et al., , b, 2003 Duong et al., 2008) .
We also performed a footprint-by-footprint analysis to compare the relative height metrics of the two sensors. We extracted DRL relative height metrics at the footprint level from 20 m diameter circular areas in the 1 m DRL data for each LVIS shot location. We used a nearest neighbor analysis to develop correspondence between the center location of LVIS shots and the DRL pixel before extracting the DRL data. We expect approximately 2 m relative error in locating the LVIS shots within the DRL data due to LVIS geolocation and range inaccuracies (Hofton et al., 2002) .
Several differences in DRL and LVIS measurements may affect the relative ability of the two different sensors to detect changes. Although LVIS is an imaging lidar, the images are made of discrete footprints scanned across the lidar track. The LVIS footprint is about 20-25 m depending on the altitude of the aircraft. DRL is a small-footprint (∼ 50 cm) imaging lidar with a smaller track and a larger field of view. In both datasets, flight path irregularities, density of LVIS shots and DRL point clouds from overlap, cloud cover, point errors and noise in the data introduce uncertainties in quantifying the canopy and ground elevation: (1) LVIS detection of canopy height is different from DRL largely due to sensor characteristics (Supplement Table S1 ). In LVIS medium-size footprint, the canopy return is found by starting at the leading edge of the return until a signal greater than some noise threshold is found (Dubayah et al., 2010) . The leading edge is the highest reflecting surface height associated with enough canopy material (about 0.5 m 2 ). In DRL data, the first point return is associated with the highest height of the point cloud data within a nominal grid cell (1 m 2 ). The top canopy height from LVIS should be slightly lower than DRL (∼ 0.5 m). This difference is not cross-calibrated in the datasets and may impact the detection of changes due to biomass changes.
(2) LVIS detection of the ground elevation is different from DRL. Ground return in LVIS is usually strong, but there are always some shots with errors in detecting the ground elevation due to weak returns from dense canopy. This can cause difficulties in detecting the ground elevation using an automatic processing algorithm, as well as slope effect within the LVIS footprint. DRL is higher in resolution and provides more accurate measurements of ground elevation. However, classifying DRL point clouds for the ground elevation can be erroneous due to small number of point clouds, return of lidar photons from mid-canopy due to vegetation density, and other errors due to pointing, geolocation, and interpolation of last returns. Figure 1 shows a comparison of the ground and canopy elevation (RH100 E ) between the two sensors. We used 3077 shots of LVIS within the 50 ha plot and extracted the corresponding DRL shots over the LVIS shots using a nearest neighbor approach. We used the footprint level data from LVIS and DRL to perform the AGB change detection and used aggregated values of footprints at 1 ha to develop the AGB estimation from LVIS.
We performed a cross-calibration between the two datasets using a filter to improve the LVIS ground elevation estimation using the DRL digital elevation model (DEM) (Fricker et al., 2012 ) (Supplement, Fig. S1 ). After calibration, LVIS's height metrics were adjusted to allow comparisons between the two datasets and to detect changes of forest structure and biomass over the landscape and at different spatial scales. The DRL data did not need any further calibration. All LVIS height metrics were adjusted for the errors in ground elevation to allow a comparative analysis of AGB estimation for each dataset. The height metrics are correlated despite capturing different vertical structural characteristics of the forest (Fig. S2) . 
Methods
Field estimation of AGB change
We used the AGB estimates for a three-census period including the most recent one in 2010 to quantify biomass change within the 50 ha plot at the three spatial scales mentioned above. We used the allometric equation developed by Chave et al. (2005) from a pan-tropical moist forest dataset to make the AGB estimates. The AGB estimate is derived from tree DBH, height and wood-specific gravity. Height was inferred from DBH using species-specific equations (Fig. S3) . Here, we only included the trees with DBH > 10 cm for AGB estimation, which represent about 10 % of all trees in the plot. To compute forest aboveground biomass stock and change, we divided the 50 ha plot into subplots at three spatial scales: 0.04 ha (20 m × 20 m), 0.25 ha (50 m × 50 m) and 1 ha (100 m × 100 m). Each subplot was identified by the coordinates of its four corners and was co-located on the remote sensing data for further analysis.
We calculated AGB estimates from DBH measurements, height estimates (Bohlman et al., 2006) , and the allometric model (Table S2) . We then used ground-estimated AGB to determine AGB change in the 50 ha plot between 2000 and 2010, using the plot census data from 2000, 2005 and 2010. We repeated this analysis at three spatial scales using the mean AGB density and other statistics to quantify the changes of biomass density through time and the uncertainty associated with estimating changes from census data. We propagated errors associated with estimating AGB from tree allometry to the plot size and used the errors to estimate the uncertainty of ground estimation of biomass change.
Lidar estimation of AGB change
We developed two types of analyses using the 1998 and 2009 lidar datasets: (1) we used the difference between the height metrics from the two sensors and related those to changes of AGB at 1 ha. We refer to this method as the direct estimation of AGB change. (2) We estimated biomass from LVIS and DRL height metrics separately for each period and examined the difference between the two estimates to quantify biomass change. We refer to this method as the indirect estimation of AGB change. Both approaches focused on the 1 ha scale to perform the change analysis because of the larger uncertainties associated with smaller plot size and LVIS sampling data.
Direct estimation of biomass change
Because intermediate height metrics (RH25, RH50 and RH75) from LVIS and DRL are different (Supplementary Material) and there are potential errors introduced by groundfinding algorithms in both sensors, we developed a footprintlevel analysis with canopy elevation metrics such as RH100 E and MCH E , where RH100 E is the elevation of the maximum canopy height and MCH E corresponds to the elevation of the mean canopy height. These metrics are not defined relative to the ground and are therefore not affected by errors in ground-finding. We tested differences in these height metrics between the two surveys ( RH100 E and MCH E ) against differences in biomass between 2000 and 2010 ( AGB gnd ).
The direct method allows us to use the most fundamental lidar measurements (RH100 E ) in estimating AGB change. Other height metrics are energy-based and depend on sensor characteristics.
We used a linear relationship between the AGB gnd and RH100 E and MCH E at the 1 ha scale to examine the prediction of AGB change directly from changes in lidar metrics and to quantify the efficacy of the approach for mapping larger areas (> 1 ha).
Indirect estimation of biomass change
We used the field-estimated AGB for the 2000 and 2010 censuses in a model using lidar metrics from the 1998 LVIS and 2009 DRL to estimate AGB from lidar for each period. In developing estimation models for lidar data, we did not attempt to adjust the ground biomass data to match the year of lidar flights because doing so would introduce errors due to uncertainty in forest growth and disturbance rates.
We developed models between lidar metrics and AGB at each scale using a power law function. We used a relative importance analysis to evaluate the importance of each variable in explaining the variability of biomass at different scales. We also performed a model selection using the Akaike information criterion (AIC). The analysis was performed in the R statistical computing environment. A relative importance analysis quantifies the portion of the coefficient of determination (R 2 ) attributable to the parameter (as predictor) when the parameters are correlated in the regression analysis (Chao et al., 2008) . Testing for the relative importance of each height metric, we found that all five metrics (RH25, RH50, RH75, MCH and RH100) together explained about 75 % of the variation in forest biomass at 1 ha scale for both LVIS and DRL, and relatively less variation at 0.25 ha (50-58 %) and 0.04 ha (20-29 %). Table 1 presents the relative contribution of the height metrics at 1 ha. We found that MCH was the metric with the highest relative contribution for both LVIS and DRL (with RH50 for DRL). The AIC analysis showed that MCH is also a better fit than the other relative height metrics when using a single metric in our model (Table 2) , confirming results from previous studies (Mascaro et al., 2011a) as well as studies in other tropical forests (Dubayah et al., 2010; Asner et al., 2011) . AIC showed that models using less than five metrics may provide better fits than using all five metrics (Table 2). However, note that overall, all the models tested have similar AIC scores. We developed two models based on these results. The first model uses all five available metrics because one of the main goals of this study is to have a common measurement framework for both sensors. Using fewer metrics in our model would mean that different metrics should be selected for LVIS and DRL, based on the relative importance and AIC analyses. Therefore, we used a model with all five relative metrics and a power law function between the metrics and biomass (thereafter called 5RH model) to estimate AGB from lidar data at three spatial scales of 0.04 ha, 0.25 ha, and 1 ha. (Fig. S4) .
where the coefficients are inferred from the fitting model using LVIS and DRL data separately (Table S3 ). RMSE LVIS is 28.1 Mg ha −1 and RMSE DRL is 27.1 Mg ha −1 at 1 ha. The second model uses MCH as the main variable (thereafter called MCH model), in which the coefficients were found to be almost exactly the same for LVIS and DRL ( Fig. 2) :
where a = 0.11 for LVIS and a = 0.12 for DRL, and b = 2.14 for both. RMSE LVIS is 28.2 Mg ha −1 and RMSE DRL is 28.9 Mg ha −1 at 1 ha.
We present and discuss the results from both models. A "leave-20 %-out" cross-validation was performed to assess the predictive performance of our models with both lidar sensors. This cross-validation uses 20 % of the original data as the validation data, while the remaining 80 % are used as the training data. This operation is repeated until all the observations are used as the validation data once. This method is similar to the K-fold cross-validation method, where K = 5. The 1 ha scale AGB results were then aggregated to get values at larger scales (5 ha, 10 ha and 25 ha). Due to the low number of values at larger scales for performing the statistical analysis, we only report the comparison of aggregated numbers with the field observations.
We then extended the analysis by calculating the AGB change over the entire island from the two maps generated from each lidar sensor. The results section reports on maps derived from both approaches at 1 ha scale over the 50 ha CTFS plot using Eqs. (1) and (2). We compare the spatial distribution of AGB change derived from lidar data with ground estimation and evaluate the uncertainty in predicting AGB change. To relate the changes of the forest AGB to landscape features, we further analyzed the change map by classifying the forests of the island into two age groups, based on an available forest age map (Mascaro et al., 2011a , from Enders, 1935 . The age groups included areas of forest older than 400 yr, hereafter called "old growth forest", and areas of forest younger than 130 yr, classified as "secondary forest". Using the age map, we analyzed the magnitude and spatial patterns of the forest biomass change over the island.
Results
Field estimates of forest biomass dynamics
The analysis of the spatial structure of the forest within the 50 ha permanent plot shows that 1 ha subplots give stable estimates of AGB with low spatial variance, while at 0.04 ha subplots estimates of AGB have high spatial variability dominated by the spatial variability of large trees. In 2010, AGB ranged between 21 and 1838 Mg ha −1 in 0.04 ha subplots (coefficient of variation = 0.75), showing high AGB variation, compared to116 to 369 Mg ha −1 in 1 ha subplots (coefficient of variation = 0.18) ( Table 3 ). The AGB distribution (Fig. S5 ) is skewed towards low biomass values in the case of small subplots of 0.04 ha (skewness = 3.05) but is more symmetrical in the case of 1 ha subplots (skewness = 0.45).
The presence or absence of a single large tree in a 0.04 ha subplot strongly impacts the AGB value of a subplot, leading to very low or very high AGB values (Chave et al., 2003) . AGB, estimated at the 1 ha scale, decreased both from 2000 to 2005 and from 2005 to 2010 census periods in the 50 ha plot (Fig. S5b, Table 4 ). Changes from 2000 and 2005 were slightly skewed to negative values and had only few extreme values (mean = −2.4 Mg ha −1 ± 10.5 (SD)), whereas during the second period between 2005 and 2010, there were more extreme values and the biomass loss was larger (mean = −5.5 Mg ha −1 ± 16.1 (SD)). AGB in the 50 ha plot dropped by 7.8 Mg ha −1 ± 17.6 SD over the 10 yr period of study (i.e., an average decline of −0.8 Mg ha −1 yr −1 ).
The spatial scale analysis of AGB change (Table 4) confirms that, at the 1 ha scale, the observed changes are more stable for a long-term analysis than smaller subplots (SD change2000/2010 1 ha = 17.6 Mg ha −1 and SD change2000/2010 0.04 ha = 107.4 Mg ha −1 ). Here, stability refers to less variability and suggests that larger plots are individually more reliable for detecting long-term changes, whereas smaller plots individually represent changes associated with both natural gap dynamics (disturbance and recovery) and long-term changes. Furthermore, 37 1 ha subplots lost AGB and the rest gained AGB over the same period (Fig. 3) . By further aggregating the subplots to larger scales, we find the forest is losing biomass more uniformly at 5 ha scale (SD = 5.9 Mg ha −1 ), and at 10 ha scale (SD = 4.2 Mg ha −1 ). At 25 ha, the two subplots lost 7.7 and 8.0 Mg ha −1 of AGB for an average value of 7.8 Mg ha −1 at 50 ha between 2000 and 2010.
Lidar estimation of height change
The direct measurement of change starts with the observation of canopy structure from both sensors. We used the canopy maximum height above the ellipsoid to detect changes between the two dates and sensors. The RH100 E from LVIS and DRL may be compared at the footprint level and used to detect changes in terms of canopy height. Figure 4 shows that canopy height globally decreased in the 50 ha plot from 1998 (LVIS) to 2009 (DRL). Mean difference between RH100 E DRL and RH100 E LVIS within the 50 ha plot is −1.1 m ± 3.4 (SD), with 60 % of the 3077 LVIS shots landing in the plot showing lower canopy height in 2009 than in 1998. The footprint-by-footprint analysis shows that 8 % (260 shots) had a drop of more than 5m in RH100 E between 1998 and 2009, while 4 % (123 shots) had increased by more than 5 m RH100 E in 2009 (Fig. 4a) . Figure 4b shows that the distribution of RH100 E DRL is slightly shifted towards lower values than RH100 E LVIS (mean RH100 E LVIS = 192.7 m ± 9.4 (SD), mean RH100 E DRL = 191.6 m ± 9.4 (SD)).
Lidar-derived biomass estimates
The influence of spatial scale on AGB is examined here by again comparing the results obtained using 0.04 ha, 0.025 ha and 1 ha subplots, using the cross-validated data. Results are presented for our two approaches: (1) using the five available RH metrics and (2) using MCH only. Figure 5 (5RH approach) and Figure S6 (MCH approach) show that, for both LVIS and DRL data, the accuracy of AGB estimation increases when larger subplots are used. We found similar results for both LVIS and DRL data regarding the relationship between ground AGB and lidar-estimated AGB when using 1 ha subplots in the model. Using all five metrics in the regression model gives a R 2 of 0.70 for both LVIS and DRL (R 2 = 0.75 when using the whole dataset), with a p value < 0.0001. The MCH model gives R 2 LVIS = 0.70 and R 2 DRL = 0.66, with p value < 0.0001. When using the whole dataset, R 2 LVIS = 0.71 and R 2 DRL = 0.70 in the MCH model. For both approaches, RMSE varies between 27.1 and 28.9 Mg ha −1 . Bias is lower when using all the metrics in our model (B 5RH < −0.45 Mg ha −1 , B MCH > 2.13 Mg ha −1 ).
At the 0.04 ha scale, the estimation accuracy is lower than at the 1 ha scale (R 2 LVIS = 0.19 and 0.18 and R 2 DRL = 0.28). At this scale, RMSE is large, varying between 173.8 and 195.4 Mg ha −1 . Bias stays low in the 5RH approach, but it reaches between 48.7 Mg ha −1 (for LVIS) and 40.5 Mg ha −1 (for DRL) when using the MCH approach at 0.04 ha subplots (p value < 0.0001). Although DRL has a higher resolution, DRL-derived AGB estimation at small scales is not more accurate than LVIS. It shows that lidar should not be used to estimate AGB at these resolutions.
Lidar-derived biomass change
Since lidar does not estimate AGB accurately at spatial scales below 1 ha, only the results at the 1 ha scale are presented here.
Direct estimation of AGB change
Although one would expect biomass change to correlate with change in height metrics, differences in one height metric derived from lidar waveforms ( RH100 E and MCH E ) had no significant relationship (R 2 < 0.1) with differences in forest biomass derived from the analysis of field surveys ( AGB grd ). This result suggests that we cannot map the changes of forest biomass by directly analyzing the lidar heights at 1 ha scale using two different sensors. However, using the same sensor for both dates may provide a more reliable measure of height difference with which to calculate AGB change directly from lidar (Dubayah et al., 2010) .
Indirect estimation of AGB change
Over the 50 ha plot, both ground and lidar analyses indicate that, on average, AGB decreased by 7.8 Mg ha −1 between 2000 and 2010. This close match is unsurprising because lidar biomass estimations are calibrated using the ground data. It is therefore expected to have the same average change over the whole 50 ha plot. At the 1 ha scale, the noise caused by estimation errors due to our regression model was large and only biomass changes greater than 18.5 Mg ha −1 (5RH approach) or 15.8 Mg ha −1 (MCH approach) could be detected unambiguously from lidar data (standard deviation of lidarderived AGB change).
Here, we first present the results using the 5RH approach. A total of 30 of the 50 subplots show the same direction of change (7 subplots showing biomass gain and 23 subplots showing biomass loss between the 2 dates) when comparing the ground-and lidar-estimated AGB change (Fig. 6) , ignoring the 18.5 Mg ha −1 threshold (p value = 0.1). In 15 of the plots that do not show the same direction of change, absolute AGB change values are smaller than 18.5 ha in both ground and lidar estimations, and therefore are not considered to have significantly changed. The remaining five plots that do not show the same direction of change have significant change in either or both ground and lidar estimations. Results are similar when only using MCH to estimate AGB. A total of 32 of the 50 subplots showed the same direction (biomass gain or loss between the two dates) comparing the ground-and lidar-estimated AGB change (Fig. 6) , ignoring the 15.8 Mg ha −1 threshold (p value = 0.03). For 9 of the remaining 18 plots, AGB change between 2000 and 2010 was smaller than 15.8 Mg ha −1 and therefore within the uncertainty threshold, in both ground and lidar estimations. The remaining 9 subplots showed significantly opposite directions in lidar and ground estimations. Figure 7 shows where these 1 ha subplots are located within the 50 ha plot.
The ground and lidar detection of changes showed a tighter match when the subplot size increased. At a 10 ha scale, the estimation of change could be predicted to within 6 Mg ha −1 over 10 yr, or less than 1 Mg ha −1 yr −1 . Table 5 shows how spatial scale affects lidar-derived AGB change estimations at the plot level. Results are shown with regard to the 5RH approach, but the MCH approach results are similar at these spatial scales. Both lidar-derived AGB change and the difference between lidar and field estimates decreased as the scale became coarser. The range of variance between field-estimated change and lidar-estimated change decreased quickly with increasing scale of analysis, going from ±6.7 Mg ha −1 at 1 ha to ±0.1 Mg ha −1 at 25 ha. These results show that large spatial scales such as 10 ha or 25 ha give accurate AGB change estimations when looking at the 50 ha plot, but the 1 ha scale still seems to be a good option when looking for spatial patterns.
Landscape variation in AGB change
Estimated AGB stocks and changes were mapped across the entire island (1500 ha) using the equations developed at the plot level at 1 ha resolution, for both LVIS and DRL data. These two maps were then used to create an AGB change map (Fig. 8) . A mask consisting of a one pixel erosion was applied to the final map to avoid errors induced by edge effects. Hence, all the pixels that were on the edges of the island and contained errors were removed. First, we present the results obtained using all five metrics in our model (Fig. 8a ). Mean AGB change over the whole island was found to be 1.5 Mg ha −1 ± 20.4 (SD), or 0.2 Mg ha −1 yr −1 . The map shows that 35 % of the island significantly gained biomass, while 26 % lost biomass. The remaining 39 % did not show any significant change. Patterns related to forest age (Fig. 8c) and stage of regeneration can be seen in the AGB change map. Old growth forest lost biomass ( AGB Old = −6.8 Mg ha −1 ± 22.3 (SD)), while secondary The AGB change map from the 5RH approach (a) shows patterns of forest age more clearly than the AGB change map from the MCH approach (b). Globally, AGB decreased in old growth forest (dark green in the age map), whereas the forest gained biomass in younger, regenerating forest (light green in the age map).
forest gained biomass ( AGB Sec = 18.4 Mg ha −1 ± 33.6 (SD)). The results show that 73 % of the 1 ha areas that lost more than 18.5 Mg ha −1 (standard deviation of lidar-derived AGB change for this model) are located in old growth forest, while the remaining 27 % are located in secondary forest. Inversely, only 26 % of the 1 ha areas that gained more than 18.5 Mg ha −1 are located in old growth forest, while the remaining 74 % are located in secondary forest.
We found that using MCH as a single metric in our model tends to give lower values of AGB change (both loss and gain), especially in secondary forest (Fig. 8b) . Mean AGB change over the whole island was found to be −3. 60 % did not show significant trends during the period (changes less than ±15.8 Mg ha −1 ). Old growth forest areas lost AGB ( AGB Old = −4.7 Mg ha −1 ± 22.3 (SD)), whereas secondary forests stayed neutral ( AGB Sec = 0.4 Mg ha −1 ± 22.5 (SD)) between 2000 and 2010. The results show that 63 % of the 1 ha areas that lost more than 15.8 Mg ha −1 are located in old growth forest, while the remaining 37 % are located in secondary forest. Inversely, 36 % of the 1 ha areas that gained more than 15.8 Mg ha −1 are located in old growth forest, while the remaining 64 % are located in secondary forest.
Discussion
The goal of this contribution was to study the ability of lidar technology to estimate and map AGB changes when calibrated and combined with the field data. The relationship between lidar-derived vertical canopy distribution and groundbased estimated AGB at the plot level was used to create predictive equations for AGB at the landscape scale. A large number of studies have recently focused on AGB estimations in tropical forest using lidar technology (Drake et al., 2002a; Asner et al., 2011; Mascaro et al., 2011b; Vincent et al., 2012) , but to our knowledge only one has been able to detect AGB changes from repeated lidar measurements (Dubayah et al., 2010) . Moreover, Dubayah et al. (2010) used the same sensor to detect AGB changes, whereas this study is the first to use two different sensors, which represents a more realistic case in many applications. Here we review our findings and discuss them in light of this recent literature and address the following question: with what accuracy and at what spatial scale can changes of tropical forest biomass be detected by repeated measurements of lidar profiles?
We quantified a loss of approximately 0.8 Mg ha −1 yr −1 of forest aboveground biomass over the 50 ha CTFS plot on BCI over a period of 10 yr. This loss of biomass, although from only one site, can imply significant carbon loss over a large region if extended. Our estimate of carbon loss contrasts with recently published results over both Amazonian (Baker et al., 2004) and African forests, suggesting that the observed trends may be local and/or contingent on various environmental and human drivers. In general, research plots can provide samples of how local effects may impact the changes of forest biomass from disturbance and recovery and other ecological processes. However, quantifying regional-to continentalscale processes and trends requires a more balanced and statistical sampling of forests along a wide range of landscape and environmental gradients.
In BCI, the loss of biomass in the old growth forest has been attributed to climate disturbance and drought from 1998 El Niño and subsequent changes in forest composition (Chave et al., 2008; Feeley et al., 2011; Pan et al., 2011) . Other factors such as the increasing distribution of lianas in this forest may also help explain partial loss of forest biomass (Wright et al., 2004; Schnitzer et al., 2012) . In general, as lianas become more dominant, they tend to impose a higher load on trees, resulting in increasing the risk of the tree falling (Phillips et al., 2002) .
Droughts have been considered as the main culprit for the biomass loss in tropical forests, even though other processes may explain this phenomenon (Nepstad et al., 2007; Phillips et al., 2009; Lewis et al., 2011; Saatchi et al., 2013) . In most studies, it was hypothesized that the biomass from a severe drought event can be followed with recovery and biomass gain immediately or after few years ). Here we show that the loss in biomass is gradual, a result consistent with recent remote sensing observations in Amazonia (Saatchi et al., 2013) .
A detailed analysis of the field inventory data suggests that the largest decline in biomass has been in DBH classes larger than 40 cm with the most significant loss (46.2 Mg ha −1 ) in trees greater than 70 cm in diameter that include primarily the canopy or emergent trees (Fig. 9) . Drought has been associated with mortality of large trees in tropical forests in the literature (Nakagawa et al., 2000; Nepstad et al., 2007; Phillips et al., 2009) , but this observation is also consistent with the increasing liana load in large trees. Figure 10 shows the dynamics of trees greater than 70 cm in diameter between 2000 and 2010 in the 50 ha plot. Although the number of trees in this DBH class is similar on both dates (526 trees in 2000, 524 trees in 2010), a large turnover was observed during that period. Ground inventory data show that 109 trees died after 2000 while 107 trees entered the 70 cm DBH class by 2010, hence the large biomass loss for this DBH class shown in Fig. 9 . Note that the mortality of a big tree has a significant impact on biomass loss, while the growth of a tree to a 70 cm DBH class from a lower DBH class over the same period has a relatively smaller impact on the biomass change. This result is also reflected in the quantification of biomass change versus the biomass levels, showing that subplots with larger biomass values had significantly higher loss (Fig. 3) .
Use of lidar height metrics
Our results do not show significant relationships between change in RH and differences in forest biomass derived from the analysis of field surveys. Hence, we were unable to map the changes of forest biomass by directly analyzing the lidar heights at 1 ha scale using two different sensors. Using the same sensor for both dates can potentially provide a more reliable height difference to calculate AGB change directly from lidar, particularly over secondary forests (Dubayah et al., 2010) . The indirect estimate of biomass change from lidar data could potentially provide similar results as in inventory data when using larger plots (> 10 ha). By segmenting the lidar-derived biomass changes in the 50 ha plot into different biomass classes, the predicted changes point to regions of old growth with higher biomass values, suggesting plots with potentially larger trees and higher biomass had significantly larger loss in biomass (Fig. 11) . We tested the performance of several AGB estimation models and concluded that, for our datasets, using several height metrics or using a single height metric such as mean canopy height had similar performances in terms of model fitting and RMSE. However, both models present some advantages and drawbacks. Although different height metrics are correlated, each may provide a slightly different slice of vertical structure of the forest canopy and together they improve detection of variation in basal area, tree density, and the structural representation of wood-specific gravity (trees in different diameter classes or successional states). The dynamics of these combined height metrics, if accurately quantified, may provide a more accurate picture of how forests are growing than can be obtained with a single metric. Our comparative results of AGB change over BCI using one approach based on five relative height metrics and another approach based on MCH only are consistent with this hypothesis, although it should be noted that the latter model is more parsimonious. The fact that we detect higher AGB change in the secondary forest when using five metrics than just MCH might be explained by the important contribution of the intermediate height metrics in secondary forests, especially RH25 and RH50. On the other hand, RH100 and MCH are good indicators of AGB loss in the case of a tree fall, but they will be less affected by regrowth than RH25 and RH50. One caveat about using the various height metrics in LVIS data is the fact that they are energy-based and cannot be compared readily with similar metrics from small footprint lidar data. However, using only maximum canopy height to create percentile metrics based on height distribution at pixel level can potentially provide comparable metrics from two different small footprint sensors for change detection. 
Biogeosciences
Spatial scale of forest dynamics
The linear relationship between lidar metrics and biomass estimates was found to be stronger as the pixel scale became coarser. High coefficients of correlation (R 2 ranging between 0.66 and 0.71) and low RMSE (RMSE mean = 27.6 Mg ha −1 ) indicate that the 1 ha scale is the best spatial scale to use in this type of analysis, as it gives more accurate results and minimizes the errors related to both field data and remote sensing data. At a 0.04 ha scale, we found a poor correlation (r 2 LVIS = 0.19 and r 2 DRL = 0.28) between ground-estimated AGB and lidar-estimated AGB because the relationship is affected by high AGB variation due to factors such as tree falls, compositional variation and gap regeneration, not necessarily detected to the same accuracy in the field data and the lidar data. Although one could argue that a 0.04 ha spatial scale would be useful in studies related to gap analysis, such a small scale is not necessary for our study and AGB change analyses. It is possible that new generation lidar sensors with increased cloud point density may help reduce the study grain, but probably not below the 0.25 ha scale.
Tree geolocation errors on the ground and tree crown position relative to trunk position are other sources of error. These issues are magnified as the subplot size decreases (Fig. S7) . The aggregate effects of these small-scale changes in larger plots or at the stand level define the forest carbon dynamics at annual or multi-year temporal scales.
An encouraging result of this study is that the levels of accuracy for AGB estimates from DRL and LVIS are similar, in spite of differences in sensor design, spatial resolution and footprint size. It opens possibilities in terms of biomass change detection using lidar data for future studies. Although it is always preferable to perform a change analysis using matching datasets at two different dates, our study shows that it is possible to perform this type of analysis using different sensors without affecting the quality of the results.
However, the noise at 1 ha scale is too large to assess biomass change accurately and quantitatively at the plot level. Small changes in biomass are difficult to model at this scale. As a result, average changes at the plot level may be difficult to establish accurately, unless the changes are large. Still, we were able to estimate the change qualitatively and predict the sign of the biomass change (biomass gain or biomass loss) in between 60 % and 64 % of the 1 ha subplots.
In recent studies, Mascaro et al (2011a, b) analyzed error predictions in terms of AGB and carbon stocks over BCI using airborne lidar and ground inventory data. They found that spatial errors scale with the inverse of the square root of pixel area as spatial resolution changes, a result consistent with sampling theory. They then analyzed the importance of plot-edge discrimination errors in AGB estimations and developed a crown correction for localized stems at the edges of the plots to improve the AGB estimation error. They found an RMSE of 17 Mg C ha −1 for 0.1 and 0.36 ha plots (Mascaro et al., 2011a) covering young and old secondary forests, and 11.1 Mg C ha −1 at 1 ha plots (Mascaro et al., 2011b) . Their estimates correspond to an RMSE of 34 Mg ha −1 in terms of AGB at 1 ha. This result is similar to ours, since we found a mean RMSE of 27.6 Mg ha −1 at the same scale by only focusing on the old growth plots. They further suggest that this RMSE could be reduced by accounting for canopy shape, which is essentially accounting for edge effects in small subplots. Although this is a sensible approach, we refrained from implementing it because crown shape and size are seldom available in ground datasets, and we feel that the uncorrected RMSE reflects more accurately the inherent ability of the lidar technology to infer tropical forest AGB. Further, at the 1 ha scale, this correction results only in a marginal reduction of the error (Mascaro et al., 2011a, Fig. S6) , with corrected RMSE of 10.7 against uncorrected RMSE of 11.1 Mg C ha −1 .
Another difference of our study with that of Mascaro et al. (2011a) is that they used a calibration model between a single lidar metric (MCH) and AGB, including early successional forest plots far away from BCI. Although this would be helpful to map AGB of the whole Panama Canal Zone, it results in artificially inflating the R 2 of the MCH model when just mapping the region at 1 ha. Here we also used five lidar-derived height metrics to estimate AGB directly from data of the 50 ha plot only, providing error estimates for mapping the old growth forest biomass. Our approach also helps counter-balance the effects caused by the limited AGB range in the plot. Because the permanent plot is located in an old growth forest, there was no low biomass subplot. Our approach using a calibration model between MCH and AGB shows that it is possible to estimate AGB using a singlemetric model, but the results at the landscape scale suggest that such a model does not detect as much AGB change as the five-metrics model, especially in secondary forests.
Variation of forest dynamics across the island
Landscape-level AGB changes at 1 ha resolution of the old growth and younger forest match changes expected from forest succession theory (Shugart, 1984) . Mean AGB change over the whole island was found to be +1.5 Mg ha −1 between 2000 and 2010, with most of the old growth forest being neutral or losing AGB (average change = −6.8 Mg ha −1 ) while secondary forests gained biomass (average change = 18.4 Mg ha −1 ) (results from the model using five metrics). Previous ground-based studies over the BCI plot already reported this trend for the 2000-2005 interval (Chave et al., 2008) . The fact that 100 yr old secondary forests still are aggrading carbon also is an important finding of this study. Mascaro et al. (2011a) recently published an AGB map of BCI based on a similar approach. They found that AGB was lower in young forests than in mature forests. Here, we provide the first map of AGB changes and we show that young forests are increasing in AGB. Dubayah et al. (2010) performed the first AGB change study in a tropical forest. Their study was conducted at La Selva Biological Station, Costa Rica. Their study presents some major differences with our study in terms of methodology. Dubayah et al. (2010) compared two LVIS datasets for the change analysis, while we are comparing one small footprint DRL and one medium footprint LVIS dataset. In their study, Dubayah et al. (2010) performed a footprint-tofootprint comparison of the data and of height metrics. Their approach made it simpler to conduct an AGB change analysis by directly using change in lidar-derived height between two dates, and change in ground-estimated AGB between two dates. Our approach was less direct, but we avoided the issue of DEM location in LVIS. In doing so, we set the stage for forthcoming lidar studies based on a range of operating instruments, including satellite-borne ones. In spite of these differences, the results of Dubayah et al. (2010) and ours are comparable in terms of AGB change trends. Indeed, Dubayah et al. (2010) showed that old growth forest was mostly neutral (average AGB change between 1998 and 2005 of +1.9 Mg ha −1 ), while secondary forests were gaining biomass (average change between 1998 and 2005 of +25.2 Mg ha −1 ).
V. Meyer et al.: Detecting tropical forest biomass dynamics
Sources of uncertainty
Estimation of uncertainty in our study and the propagation of errors from field data collection to remote sensing analysis is a difficult task due to the lack of information from various sources of data. However, here we outline and quantify several sources of uncertainty that are contributing in detecting changes of forest biomass from ground and lidar data. We assumed that lidar height metrics may be used to detect biomass changes in old-growth and undisturbed tropical forests. An underlying hypothesis is that changes in biomass in the forest are related to changes in forest height or vertical structure. Unfortunately, this hypothesis is difficult to test based on literature data. Long-term studies in BCI and other sites have revealed that changes in forest structure and dynamics have complex trajectories and are often driven by many factors including random population fluctuations, climate disturbance, large-scale successional or gap phase processes, and increasing resource availability or carbon fertilization (Baker et al., 2004; Chave et al., 2008; Clark et al., 2003 Clark et al., , 2010 Feeley et al., 2011; Lewis et al., 2004 Lewis et al., , 2009 ). The collective impact of these effects is not necessarily a uniform change in forest structure. In general, over the past 25 yr, the BCI plot has seen a high turnover, with almost 50 % of the initial individuals dying and being replaced.
Some limitations related to both field data and lidar data need to be discussed to understand better our results and errors we have reported throughout the paper. We divide these errors into three categories.
Uncertainty of ground-estimated AGB
The errors associated with the field data are difficult to quantify in this analysis. However, the main errors associated with the estimation of AGB at subplot scales of 1 ha are from three major categories:
1. There are measurement errors related to anomalous DBH values in the inventory plots. These errors are readily identified when multiple census data are available, as in CTFS plots. In this study we assumed that trees that increased in diameter by more than 45 mm/yr or shrank more than −5 mm yr −1 were inaccurately measured in the field (Chave et al., 2008) . For these individuals, the diameter measurement is corrected by assuming a mean growth rate for the individuals in the same diametric class (in millimeters). We assume this approach can introduce a small relative error in AGB estimation at large plots (> 1 ha). Errors associated with DBH measurements were quantified in Chave et al. (2003 Chave et al. ( , 2004 . Using more than two census intervals, as in the case of BCI CTFS plots, will reduce the errors in estimating AGB and AGB change.
2. There are errors associated with the allometry of converting the measurements (DBH, height and woodspecific gravity) to estimate AGB. Chave et al. (2004) have outlined an error propagation approach to quantify the allometric errors at the plot scale and provided relative errors associated with the allometric equation used in this paper elsewhere (Chave et al., 2005) . In this study, we are using the moist forest allometry using DBH, height, and wood-specific gravity of tree species (Chave et al., 2005) . As we do not measure height of all trees within the 50 ha plot, we have used a model to estimate height from a DBH-height model (see supplementary material). Based on these results, the allometry error at 1 ha plot can be as large as 20 % of the mean.
3. There are geometrical errors associated with the errors in tree location and the plot grid defined by the GIS shape file overlaying the BCI grid. Assuming approximately 1-2 m errors in tree location relative to the plot boundary allows estimation errors at the plot scale.
We have simulated the error associated for all three sources of errors by bootstrap samples drawn 100 times from 1 ha size plots. The relative error associated with geolocation averages to about 1.9 % of the mean AGB and is much smaller than the allometric errors.
Overall, the error associated with allometry is larger than measurement and geolocation errors. Using a simple equation for propagating the errors for ground estimation of biomass in the form of we expect to have errors on the order of 20 % in groundestimated AGB at 1 ha scale.
Uncertainty in lidar measurements
Several factors introduce errors in lidar estimation of AGB. First, the time difference between the field inventory and the acquisition of lidar data is a source of error that is hard to quantify in our analysis. Events such as tree falls happened between 1998 (LVIS data acquirement) and 2000 and between 2009 (DRL data acquirement) and 2010, causing errors in model calibration, particularly at smaller scales, where the entire subplot can be affected by one tree fall.
Other factors such as geolocation error (∼ 1 m) depending on the sensor and sampling errors due to the type of the sensor can become important error sources. In our study, LVIS data had an average of more than 60 shots of 20 m footprint within 1 ha. These samples were not uniform in each plot, and there were gaps within the plot that were not covered in any of LVIS shots. The low number and non-uniform sampling coverage suggest that, on average, about 80 % of the plots were covered by LVIS shots. The sampling error can be as large as 20 % in capturing forest structure in 1 ha plots. This error will impact the direct change detection approach presented in the paper when relating the plot level height difference to AGB difference in the field. However, when using the ground-estimated AGB to calibrate the lidar data, such sampling errors will be integrated into the lidar height biomass estimation model. Note that the error associated with the footprint level sampling at the plot scale is negligible when using DRL data. However, in our analysis the relationship between height metrics and AGB was almost the same for both sensors, suggesting that the errors associated with lidar height biomass allometry models probably dominate the sampling errors present in LVIS data.
Uncertainty in lidar AGB estimation
Our study is also limited by the fact that our calibration excluded young secondary forest plots. Our allometric equation and our regression models were created using the 50 ha plot data, located in a mostly old secondary and old growth forest. The model was then applied to the entire island, composed of both old growth and secondary forests, especially on the eastern part of the island. As a result, our model should predict old growth forest areas better than secondary forest areas. To improve the model, it would be important to establish forest plots in the secondary forest on BCI. The magnitude of lidar prediction error of AGB is approximately 12 % for both LVIS and DRL. This error includes errors associated with sampling and other measurement errors. Using five height metrics, we found negligible bias in estimating AGB relative to the ground-estimated AGB. The random error allows aggregating the uncertainty over larger areas. The average error can reduce to about 5 % at 10 ha and less than 3 % at 25 ha, suggesting a more reasonable change detection approach by two lidar sensors at > 10 ha if changes of the AGB at this scale exceed 5 % of the mean AGB. We assume the error from lidar estimation of biomass change will decrease when using the same sensor characteristics and observations contemporaneous with the field data.
In the absence of a more reliable uncertainty analysis of all sources of errors in detecting changes of AGB over the landscape, our results can only direct us to general conclusions about the potential of lidar data for detecting changes of AGB: (1) ground-estimated AGB change at 1 ha can have large errors due to measurement and allometric errors that can potentially be reduced using larger plot sizes such as 10-25 ha. However, detailed landscape analysis of AGB change is required to quantify the scale where changes of biomass can be detected from field inventory data. (2) lidar data calibrated with ground-estimated AGB can detect changes of AGB at scales of 10-25 ha depending on the errors assuming the uncertainty in ground-estimated AGB is small. (3) Our results suggest that the ground-estimated AGB error dominates the overall uncertainty of change detection from lidar data, but potential landscape-scale analysis can be performed given the current state of AGB allometry and lidar accuracy at scales of about 10-25 ha. However, we recommend dedicated experiments to improve the understanding and quantification of uncertainty for both ground and remote sensing detection of changes of AGB.
Conclusions
This study shows that lidar can be used to analyze tropical forest dynamics on a decadal scale. Unlike other remote sensing technologies, lidar is able to provide information on vertical forest structure, which makes it a unique tool to study and understand AGB and its dynamics through time at the landscape scale. Although AGB changes are hard to quantify at the plot level using lidar data only, scaling up these changes at a landscape scale is a fundamental objective to understand the dynamics of forest succession. We demonstrated that there is no advantage in using spatial scales that belong to the same range as tree crown sizes when estimating AGB change, especially at a landscape scale. Spatial scales below 1 ha are dominated by uncertainty in ground estimation of AGB, plot-edge effects and by the differences in sensor characteristics. Spatial scales, typically on the order of 1 ha, give more accurate results and should be preferred to finer scales in future studies.
Supplementary material related to this article is available online at: http://www.biogeosciences.net/10/ 5421/2013/bg-10-5421-2013-supplement.pdf.
